Abstract-Underactuated and compliant hands, frequently referred to as soft hands, have been recently proposed to overcome common issues of multifingered robotic hands. Although several prototypes have been developed, there is still a lack of systematic ways to model and control these devices to get grasps exploiting their intrinsic features. Classical tools can hardly be applied when contact surfaces are deformable and hand kinematics is not uniquely defined due to underactuation. In this letter, we propose a method to model underactuated compliant hands. The model captures how the hand closes analyzing the motion of suitable reference points defined on the hand. In particular, we present a procedure to compute the preferred grasping direction of a given hand, namely, the closure signature (CS), and then we use this information to plan power grasps. The feasibility of the proposed method has been validated by performing experiments with a soft hand fixed to a robotic arm. The use of the CS proved to increase the performance of the grasp planner. The proposed method can easily be extended to other underactuated compliant hands.
Recently, a novel generation of underactuated compliant hands is growing with the aim of resembling human hands more from a functional point of view than from a mechanical perspective. The two main design objectives of these hands are to make the recurring interaction with the environment more robust, and to simplify hand control. The former is achieved thanks to the intrinsic compliance and adaptability of the device [5] , and exploiting environmental constraints to fulfill a given task [6] . The simplification of control is a direct consequence of underactuation, which can be implemented using relatively simple differential and elastic elements [7] or by coupling different DoFs [8] . Remarkable examples of underactuated compliant hands are the Pisa/IIT SoftHand [9] , the RBO Hand 2 [10] , and the SDM Hand [5] .
Even though a substantial part of the research efforts have focused on the realization of soft-bodied hands, the way manipulation is planned and controlled is not a lesser issue. Catalano et al. have shown that humans wearing highly underactuated soft robot hands are able to grasp and manipulate a stunning variety of objects, and perform a multitude of tasks, just by controlling the wrist posture and the opening-closing of the hand [9] . This happens because humans exploit environmental constraints (e.g., the table where the object is laying) to control the shape and functions of the robot hand in an intelligent way [6] . Attempting to replicate such human skilfulness in robots is a very challenging problem. Traditional tools for grasp simulation and evaluation are based on the knowledge of contact points between the hand fingers and the object, and on the knowledge of hand kinematics, through the position of its joints [11] . These approaches become almost useless when dealing with underactuated and compliant hands, for which contact points become extended patches, due to finger surface deformation, and hand kinematics is not uniquely defined, due to underactuation. For any given actuation, the real behavior and final configuration depend on the interaction between hand, object, and the environment surrounding them [12] . A first step toward the use of soft hands in autonomous manipulation systems is the definition of novel models able to capture their capabilities, possibly independently from their kinematic structures.
The main contribution of this letter is the definition of a model, namely the closure signature (CS), which describes a closure motion of a robotic hand, capturing its capabilities and functioning, rather than its morphological structure. To compute the CS, we consider a set of reference points on the robotic hand. During the closure motion that we want to model, the positions of the reference points change according to the hand configuration. Such transformation can be represented as a sixdimensional rigid displacement and a non rigid deformation of the cloud of reference points. We define as the CS of a robot hand performing a closure motion the direction along which the cloud of reference points is deformed most.
Experiments performed with a manipulation system composed of a robotic arm and a soft hand, the Pisa/IIT SoftHand, showed that the proposed model is able to capture the hand capabilities that are relevant to accomplish a grasping task. In particular, we collected data relative to top-grasps, using an alignment procedure similar to that presented in [13] , but exploiting the information provided by the closure signature. Grasping objects from the top is a reach-to-grasp action that is typically performed in pick-and-place operations, and can involve environmental constraints exploitation when grasping small objects in surface constrained grasps [6] . We verified that by aligning the hand CS direction with a suitable grasping direction on the object evaluated by a grasp planner, e.g., the line connecting to opposite faces of a bounding box, we increase the hand's grasping performance in terms of number of successful grasps, grasp quality, and robustness to uncertainties.
The rest of the paper is organized as follows. In Section II, we define the closure signature, whereas in Section III we show the evaluation of the CS for different hands. Section IV deals with the exploitation of the CS in a grasp planner. Finally, Section V derives the conclusion of the paper, outlining its possible extensions.
II. FRAMEWORK

A. Closure Signature
Classical grasp planners generally identify a set of suitable contact points on the object and then compute the joint angles through inverse kinematic techniques to achieve a given grasp. This usually relies on a kinematic model describing the hand configuration. Finding a counterpart that works for soft hands is not straightforward. In [12] , we tried to extend classical quasistatic analysis to model the interaction between the hand, the object and the environment considering stiffness at contact, joint, and wrist level. However, this modelling approach still leverages on the definition of links and joints and assumes knowledge of contact point locations and an accurate estimation of all stiffness values. Its applicability in evaluating grasp performance of real soft hands is therefore quite limited.
In the following, we propose a soft hand representation, the closure signature, that focuses on the hand functional aspects, rather than the specific hand actuation and kinematic structure. Given a certain robotic hand, the CS models a closure motion that the hand can perform. When dealing with soft hands, finger motion is constrained by underactuation, thus the number of possible grasps that can be accomplished is limited, and dexterity can be achieved only acting on the wrist pose. According to the taxonomy introduced in [14] , by acting on wrist pose we can achieve two main grasp types: pad opposition and palm opposition. Pad opposition grasps, also known as precision grasps, can be performed by computing the correct wrist position with respect to the object, so to allow contacts at the fingertips. Soft hands, however, due to their intrinsic compliance and underactuation, tend to adapt to objects constraining them between the palm and the digits, performing palm opposition grasps, also known as power grasps [15] , [16] . For this reason, in Section IV we will show how the CS can be used to plan power grasps.
The procedure to obtain the CS described in Section II-B has to be performed only once for each hand closure motion. If the hand has only one degree of actuation (DoA), like the Pisa/IIT Hand, there is only a possible closing motion, so there is only a possible CS. In case of multiple DoAs, the CS could be used to represent achievable hand closing motions. The idea is that for a given control input, the fingers close with a certain trajectory and the CS models this movement. In Remark 2, we discuss in which cases the CS can effectively model possible closure motions.
B. Procedure for Closure Signature Computation
The proposed method to evaluate the CS is based on the definition of a set of reference points on the hand and on tracking their trajectories while the hand closes. Measuring the motion of reference points, we can evaluate an equivalent linear transformation and from the analysis of this transformation we can define the hand closure signature. The CS is specific for a given hand and a given closing motion and is a way to represent how the hand closes in free space, i.e., without considering interaction with a grasped object. The computation of the closure signature involves the choice and tracking of the reference points and the computation of an equivalent homogeneous transformation. The phases of the procedure are detailed in the following. To define the closure signature we have to track the reference points during the analysed closure motion of the hand in free space. At the end of the tracking procedure we have a trajectory with n s samples for each reference point: r j (k) ∈ R 3 , k = 1, . . . , n s . The method to compute the closure signature can be applied to different choices of reference points, as long as they suitably describe the hand's motion during closure.
Remark 1: The heuristic approach that we applied in simulations (Section III) and in experiments (Section IV), is based onto two main considerations on the reference points: they should i) be the points whose position varies most from the initial to the final configuration, and ii) be easy to track with a tracking system, limiting possible occlusions. Fingertips satisfy both requirements, as they represent the end points of the fingers kinematic chains.
2) Computation of the Equivalent Homogeneous Transformation: Let us indicate with p i and p f the coordinates of a generic reference point in its initial and final configuration, respectively. We assume that the transformation of the set of reference points during the hand motion is linear, so we havê
where the symbolˆindicates the homogeneous representation of the vector. The 4 × 4 matrix
is a homogeneous matrix, where A is a 3 × 3 matrix representing the linear map and b is a three-dimensional vector representing the translation in the transformation [17] . The details on the computation of matrix T starting from the set of reference points can be found in [18] . Homogeneous transformations are often used in computer graphics to represent all the transformations required to move an object and visualize it: translation, rotation, scale, shear, and perspective. Any number of transformations can be multiplied to form a composite matrix [19] . We have recently used transformation matrices to map human hand synergies onto robotic hands [18] and for bilateral telemanipulation [20] . Homogeneous transformations are also widely adopted in theory of mechanisms and in particular in robotics to describe rigid body motions [2] , [17] . Homogeneous transformations can also describe non rigid transformations: isotropic transformations, which modify the object size by a scaling factor α, without moving it; non isotropic transformations, which modify the object size by scaling factors [α, β, γ], in the x, y, z directions respectively, and perspective transformations, that displace each point in a fixed direction, by an amount proportional to its signed distance from a line that is parallel to that direction. In this letter, we use homogeneous transformations as a way to describe the relation between the initial and final positions of the reference points.
3) Computation of the Closure Signature (CS):
The transformation matrix T can be expressed as
where T rb represents the rigid part of the displacement, composed of a rotation and a translation, and T def takes into account the non rigid deformation. The CS is related to the non-rigid part of the motion, as it describes how the robotic hand closes. In fact, the rigid body component mainly contributes to the motion of the grasped object, while the non-rigid part is strictly related to the grasp tightness. Once a power grasp is established with an object, rigid body motions can be defined as coordinated hand/object motions in which contact forces are constant [8] . The non rigid deformation, instead, can be related to contact force variations. In [21] the author demonstrated that contact force variations due to hand activation are internal, i.e., they are self balanced, and showed that they play a key role in grasp stability.
In literature there are different procedures to decompose a generic 4 × 4 matrix into a series of primitive transformations [22] . The extraction of the translation part of the rigid body motion from the starting matrix T is straightforward considering (1). The matrix A in (1) can be written, with the polar decomposition, as the product
in which R ∈ SO(3) is orthogonal and represents a rigid rotation, and U is an Hermitian semi-positive matrix that takes into account the non rigid deformation [23] .
Definition 1 (Closure Signature): Let us indicate with λ i and v i (i = 1, 2, 3) the eigenvalues and the eigenvectors of the matrix U, respectively, and with o h the centroid of the reference T , the eigenvector corresponding to the largest eigenvalue of U, applied in o h .
In other words, the closure signature corresponds to the direction along which we have the highest deformation of the reference point transformation, i.e., max i (λ i ), when the hand is actuated to perform a closing motion. This definition is mainly motivated by the assumption that the direction along which the maximum deformation of the linear transformation is achieved is expected to be a promising direction along which the hand can exert high internal forces. It is important to notice that v cs depends only on the final and initial positions of the reference points, whereas the application point o h depends on the entire trajectories of the reference points.
III. EVALUATION AND ANALYSIS OF THE CS
The CS of a given hand motion can be computed tracking the position of a set of reference points on the hand during a closing motion. The tracking of the movement can be done either in simulation, when a model of the hand is available, or experimentally using an accurate motion capture system and markers on the device.
4) CS Computation for Three Hand Models:
We analysed two grippers, simulated using the SynGrasp MATLAB Toolbox [24] , and the anthropomorphic Pisa/IIT SoftHand, simulated with Gazebo 1 [25] . We first considered a parallel jaw gripper closing along its single DoF, see Fig. 1(a) . The deformation due to the closing motion is all in the actuation axis (x-axis in this case). As expected, the CS captures this motion and lies as well in the x-axis. The application point o h lies in the middle point between the two fingertips.
Then, we considered a gripper with three fingers and 9 DoFs. Fig. 1(b) shows a possible closing motion of the gripper obtained by closing all the fingers with the same increments of the values of the joints, and the associated CS. The direction of the CS is parallel to the z-axis of the figure. This means that during this particular motion, the largest deformation of the cloud of reference points is along the z-axis. In other words, the fingers would tend to squeeze a grasped object towards the palm. Finally, we computed the CS of the Pisa/IIT SoftHand. This device is an anthropomorphic underactuated soft robotic hand with 19 joints controlled by a single actuator. The thumb is composed by three phalanges, while the other four fingers have four phalanges. The actuated movement of the hand resembles the first human hand synergy, as defined in [26] . The obtained direction for the CS is the blue vector depicted in Fig. 2(b) . The initial positions of the reference points were defined on the completely open hand and were then tracked during a closing motion in free space until the hand resulted completely closed, see Fig. 2(a) . With respect to a reference frame {W} oriented with the x-axis pointing toward the middle fingertip, the y-axis pointing opposite to the thumb and the z-axis computed so to have a right handed coordinate system, the closure signature is the direction associated with the unit vector v cs = [−0.96, −0. 25 r only fingertips, r fingertips and centres of the middle phalanges, r fingertips and centres of proximal phalanges, r fingertips and centres of middle and proximal phalanges.
Note that all the considered reference point combinations include the fingertips, since, according to the considerations we previously introduced, their trajectories depend on the whole hand motion and therefore they are the most informative to capture hand closure.
To compare the different choices, we reported unit vectors corresponding to each computed CS on a unique reference frame. If the CS was not sensitive to the reference points, we would get a unique direction, if CS definition strongly depended on them, the corresponding unit vectors would span in 3D half of the unitary sphere, whose volume is 2 3 π. To quantify the CS dependency on reference points variation, we chose the volume V H of the convex hull described by the unit vectors obtained from the CS evaluation: H = CH(v cs,1 , v cs,2 , ..., v cs,n ) . Note that n is in general the number of evaluated combinations of reference points. We obtained a polyhedron with volume V H ,h = 0.0846 that represents around the 4% of maximum volume. The volume of the convex hull for the SoftHand is rather small if compared to the maximum possible volume of a unitary semi-sphere. This suggests that the CS is barely affected by the choice of reference points. Thus, considering a set of points larger than just the fingertips does not significantly affect the computation of the CS.
Finally, we evaluated how the CS for the Pisa/IIT SoftHand is affected by the choice of different final positions for the fingertips, which means how the CS changes if we consider only a part of the closing motion. We evaluated ten CSs considering the same reference points at the fingertip and varying their final positions along the hand trajectory (black dots in Fig. 2(b) ). The volume of the hull V H = 0.0036 suggests that the Pisa/IIT SoftHand has a preferred closure direction that slowly varies between subsequent sets of final positions.
Remark 2: It is worth to observe that the CS is a possible way to represent the motion of a soft hand considering few parameters. This dimensionality reduction is reasonable when coordinated closing movements are taken into account as for the Pisa/IIT SoftHand, whose motion resambles the first human hand synergy [26] . Hands with more actuated DoFs can execute more complex and independent finger motions. In such cases, the CS could result in a too broad approximation of the hand capabilities, not suitable for grasp planning.
IV. GRASP PLANNING WITH THE CLOSURE SIGNATURE
In this section, we propose a procedure for planning topgrasps exploiting the closure signature of a soft hand, computed as in Section II-B. Let us consider a frame {H}, centred in o h , see Fig. 3 . We suppose that the soft hand is fixed to a robotic arm and that a six dimensional force/torque sensor is placed on the wrist so to understand when the hand is in contact with the object and can begin the closure of the fingers.
The main idea of the grasp planner is to exploit the closure signature to align the hand to a potentially good direction to grasp a given object. Consider, for instance, a simple cuboid object, that could be the result of the approximation of an object with a bounding box procedure. A potentially good grasping direction for the object can be defined as in Fig. 3 , considering the direction connecting the two middle points of the longest faces of the bounding box that are also perpendicular to the table. In this work, we considered a single bounding box to approximate the shape of the objects. Although more sophisticated bounding box techniques can be applied to deal with more complicated shapes, see e.g., [13] , the accurate representation of the object is out of the scope of this letter.
Let us introduce the unit vector BBD ∈ R 3 , representing the preferred grasping direction of the object, aligned with the shortest edge of the object bounding box and positioned on the object centre o b ∈ R 3 (see Fig. 3 ). Let us suppose that this edge is parallel to the xy− plane of {W} frame. If it was not perpendicular to the xy− plane, different grasp strategies, including environmental constraint exploitation, would be necessary. These more complex grasp strategies will not be considered in this work for the sake of brevity, and will be the focus of future investigations.
The overall transformation to be imposed to the hand reference frame to bring the hand from an initial configuration {H} in to a final configuration {H} f in in which the grasp is possible, can be defined as
The transformation T C S is the composition of a translation and a rotation that would bring o h to the object centre o b with the orientation required to align the CS to BBD. However, when a contact between the hand and the object is detected by the force/torque sensor at the wrist, the translation is stopped and the hand starts closing.
A. Experimental Setup
As shown in Fig. 4 , our experimental setup included a UR5 6-DoFs robot arm (Universal Robots A/S), an ATI Gamma 6-axis force-torque sensor (ATI Industrial Automation, Inc.), and a Pisa/IIT SoftHand underactuated robot hand [9] . We also used a Xtion PRO RGB-D camera (ASUSTeK Computer Inc.) to detect objects. All robot controllers and information exchange between devices were implemented in ROS [27] .
B. Experiments
This section presents how the closure signature of the Pisa/IIT SoftHand has been exploited to effectively perform top-grasps in three different types of experiments.
1) The CS Alignment Increases the Quality of the Grasp: We performed a preliminary experiment computing the quality of 13 different grasps to evaluate which was the best orientation of the hand for grasping an object from the top. We then compared this orientation with the CS of the Pisa/IIT SoftHand. In each grasp, the hand was placed above the centre of the object and then rotated in steps of π/16 rad around the z-axis, while constraining its movement in the xy-plane. Once the desired orientation of the hand with respect to the object was achieved, the robotic arm was commanded to move toward the object until a contact with the palm was detected by the sensor at the wrist. At this point, a closure of the hand was commanded. For each obtained grasp, we determined the position of the contact points to evaluate a grasp quality index. To estimate the position of the contact points in every grasp configuration j, we covered the object with graph paper as showed in Fig. 5 . We approximated the positions of the contact points with the centres of the squares that were completely covered by the hand, and we expressed them with respect to a reference frame {B} placed in the centre of the object. We then collected the contacts in a matrix C j from which we computed the grasp matrix G j of each grasp, as defined in [28] . We decided to use as grasp quality index the Grasp Isotropy Index (GII), that is defined as the ratio between the minimum and the maximum singular value of the grasp matrix G. The GII approaches one when the grasp is isotropic, i.e., the contact forces uniformly contribute to the total wrench applied on the object (optimal case), and approaches zero when the grasp is close to a singular configuration [29] , i.e., the grasp matrix is singular (rank(G) < 6) and thus the grasp cannot resist external wrenches in at least one direction [28] . We adopted this geometrical quality index because it is straightforward and sufficient to validate that our heuristic algorithm agrees with an analytical approach. Since we are using a compliant and underactuated hand, computing more complex quality measures, such as an index of force closure [16] , would have required additional information on the hand configuration not available during experiments. Table I shows the results that we obtained for the tested grasping configurations. We can express the closure signature as a rotation along the z-axis of atan(v cs,x /v cs,y ) ≈ 1.3 rad considering that i) the z− component of v cs is very close to zero with respect to the other components and that ii) we chose to do only topgrasps. The value 1.3 is between π, where two of the highest GII are achieved. This suggests that orienting the hand along the CS results in a higher grasp quality for the considered object.
2) The CS Alignment is Robust to Uncertainty on Object Pose: We performed further tests of top-grasps to better evaluate whether our model is suitable for grasp planning with the Pisa/IIT SoftHand. We compared our results with the method proposed in [13] , where simulated grasps with the SoftHand are obtained by aligning the hand to the bounding boxes in which the object is decomposed. We used a simplified version of this alignment algorithm, where we considered the bounding box of the entire object. We refer to this method as "Straight alignment". We tested this alignment and the one based on the closure signature in three different conditions and with three different objects.
During the experiments, the camera was placed opposite to the base of the robot, such that a top view of the table where different objects were placed was achieved. First, the table was detected by finding the dominant plane in the scene. Each cluster on top of this plane was segmented and treated as a separate object. The bounding box for each object was obtained using the oriented bounding box method available in the Point Cloud Library (PCL) [30] . Since in this work we focus on top-grasps, the bounding boxes must be oriented such that one of the faces coincides with the table plane. This was done simply by adding new points to the cluster that resulted from projecting each cluster point both onto the table plane and onto the plane parallel to the table that passes through the point furthest away from the table. A coordinate frame {B}, was placed at the centre of the bounding box o b , with basis vectors aligned with the edges of the bounding box, where z was perpendicular to the table and x was defined as parallel to the smallest of the other two edges of the bounding box. Three prototypical objects were selected: one box-shaped (162 × 114 × 59 mm, 582 g), one cylindrical (212 × 54 mm, 332 g) and one approximately spherical (apple, 70 × 70 × 60 mm, 61 g). Each object was placed on the table and grasped by the robot, either by aligning BBD (the object's x direction, parallel to the shortest edge of the bounding box) straightly to the robot hand's x axis (S-alignment), or to the computed closure signature (C-alignment). Furthermore, to assess the robustness of the approach, uncertainty was added to the object pose by a transformation defined by a random rotation r r ∼ N (0, σ 2 r ) around the z axis and translation t = [t x , t y , 0] T , t x , t y ∼ N (0, σ 2 t ). For each trial the robot was moved to the desired grasp orientation, and the hand centre o h was placed above the centre of the object o b , with the palm of the robot hand facing down. For the S-alignment, o h was placed in the palm centre [13] . The robot was then moved down at a constant speed until contact was detected, and the hand was closed. Finally, the object was lifted at a constant vertical speed, and the grasp was considered successful if the object was not dropped. Table II shows the results of top-grasps performed with the Pisa/IIT SoftHand under 18 different conditions. We considered three different levels of uncertainty on the object pose, three objects and two strategies (Straight alignment (S) and closure signature alignment (C)). For each type of grasp 20 trials were executed. Both strategies worked well in case of no uncertainty on the object pose, and this mainly comes from the fact that the compliance of the hand compensates for uncertainties on the object dynamic properties (weight, friction). Objects were placed always in different positions, this is why there are also some failures. When uncertainties on the object pose were added, the approach based on the closure signature was found to be more robust than the other one, especially for the cylinder and for the box. The apple deserves a particular comment. We can intuitively understand that for spherical objects, the hand placement over the object centre plays a more important role than its orientation. This fact is due to the spherical symmetry of such objects, and emerges from the data in Table II : grasp successes for the apple are almost independent from the employed strategy and less affected by the uncertainty.
3) The CS Alignment for Planning Grasps of a Standard Object Set: The alignment strategy for top-grasps was tested on other 19 objects, the 18 Food Items of the YCB Object Set [31] , and a screwdriver. The Food Items include boxes, cylinders and spheres of different sizes, weights, and materials, and also objects with less regular shapes like the mustard container, the banana, and the pear. The performance of the C-alignment was compared with that of the S-alignment. The two strategies had the same performance i) with spherical objects (lemon, apple, orange, peach, plum, pear) and small boxes (box of sugar, chocolate pudding box, gelatin box), that were always grasped (10/10 times), ii) with the potted meat can, that was grasped 9/10 times, and iii) with the coffee can, that was never grasped, as it was too big for the hand. When dealing with larger (chips can, cracker box) or more complex (mustard container, banana, screwdriver) items, the C strategy outperformed the S strategy. This result is shown in Table III , that reports the objects for which the two strategies performed differently.
For the strawberry, the C-alignment worked slightly worse than the S-alignment. However, we observed that the strawberry was most of the times grasped with the middle, ring, and little fingers of the hand, and that the grasp was holding more because of friction and high adaptability of the hand, rather than for the used alignment (see Fig. 6(a) ). This is probably due to the fact that we planned for power grasps that might not perfectly deal with small objects.
We added the screwdriver to the object set to exemplify how choosing different bounding box decomposition helps in planning grasps of tools that must be held from a particular affordance so to be used in a task. Instead of aligning the hand to the bounding box of the whole screwdriver, we computed the bounding box of only the handle (Fig. 6(b) ), so to exploit a possible affordance of the object.
In total, we performed 190 grasps per strategy. The CS alignment and the straight alignment had a success rate of ∼ 85% (161/190) and of ∼ 68% (130/190), respectively.
V. CONCLUSION AND FUTURE WORK
In this letter, we propose the definition of the closure signature, which is a way to model closure motions of compliant and underactuated robotic hands abstracting from their specific structure. We showed that the closure signature defined in this paper is a direction that can be exploited to align the hand with an object to effectively perform top-grasps. Our method resulted more robust to uncertainties on the object pose with respect to another approach in literature. We also showed that a grasp planner exploiting the CS can achieve a higher number of successful grasps on a large and assorted set of objects, including the food items of the YCB dataset and a screwdriver. We approximated objects with a single bounding box, but finer object models could be used, if needed.
We are currently working on the computation and exploitation of the closure signature for other prototypes of soft and underactuated hands. We believe that this is an effort towards a systematic representation of underactuated and compliant hands that is worth making, due to the increasing interest on this type of devices and on their not yet fully explored capabilities.
